N
Check for
Updates

Efficient DNN-Powered Software with Fair Sparse Models

Xuanqi Gao Weipeng Jiang Juan Zhai
Xi’an Jiaotong University Xi’an Jiaotong University University of Massachusetts at
Xi’an, China Xi’an, China Ambherst
£xq2000@stu.xjtu.edu.cn lenijwp@stu.xjtu.edu.cn Ambherst, USA
juanzhai@umass.edu
Shiqging Ma Xiaoyu Zhang Chao Shen
University of Massachusetts at Xi’an Jiaotong University Xi’an Jiaotong University
Ambherst Xi’an, China Xi’an, China
Ambherst, USA zxy0927@stu.xjtu.edu.cn chaoshen@mail xjtu.edu.cn

shigingma@umass.edu

Abstract

With the emergence of the Software 3.0 era, there is a growing
trend of compressing and integrating large models into software
systems, with significant societal implications. Regrettably, in nu-
merous instances, model compression techniques impact the fair-
ness performance of these models and thus the ethical behavior
of DNN-powered software. One of the most notable example is
the Lottery Ticket Hypothesis (LTH), a prevailing model prun-
ing approach. This paper demonstrates that fairness issue of LTH-
based pruning arises from both its subnetwork selection and train-
ing procedures, highlighting the inadequacy of existing remedies.
To address this, we propose a novel pruning framework, BaLLoT,
which employs a novel conflict-detection-based subnetwork selec-
tion to find accurate and fair subnetworks, coupled with a refined
training process to attain a high-performance model, thereby im-
proving the fairness of DNN-powered software. By means of this
procedure, BALLOT improves the fairness of pruning by 38.00%,
33.91%, 17.96%, and 35.82% compared to state-of-the-art baselines,
namely Magnitude Pruning, Standard LTH, SafeCompress, and
FairScratch respectively, based on our evaluation of five popular
datasets and three widely used models. Our code is available at
https://anonymous.4open.science/r/Ballot-506E.
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1 Introduction

We envisage that the Software 3.0 era, characterized by software
powered by large-scale models, will pave the way for numerous
potential applications, such as artificial intelligence generated con-
tent (AIGC) and autonomous driving, which are poised to exert
substantial influence on societal transformations [76, 98]. The mag-
nitude of Al software has notably surged, primarily driven by the
escalating size of deep neural network models [63]. For instance,
state-of-the-art computer vision models now encompass over 15 bil-
lion parameters, while large language models like GPT-3 exceed 175
billion parameters, demanding nearly 1TB of storage exclusively
for the model itself [18].

However, the deployment of large-scale Al software introduces
several challenges. These large models require substantial memory
and storage resources during deployment, presenting difficulties in
running them on resource-constrained devices like edge devices,
smartphones, or wearables [36]. Furthermore, the size of these mod-
els often leads to slow inference times due to the sheer number of
parameters and computations involved, which can be particularly
problematic in time-critical applications such as real-time object
detection or autonomous driving [55]. Additionally, when AI mod-
els are deployed on cloud servers and accessed remotely by client
devices, the transfer of large model files over limited bandwidth can
result in high latency and increased data consumption [88]. In addi-
tion to these deployment difficulties, the resource-intensive nature
of large Al applications poses further challenges. The computational
demands of these models significantly consume energy, which be-
comes a critical concern for battery-operated devices or data centers
striving for energy efficiency [58]. Moreover, the carbon footprint
associated with the training and deployment of large models can
be substantial, contributing to environmental concerns [74].

To address these challenges, researchers employ model compres-
sion techniques, which aim to reduce the size and complexity of
Al models while retaining their performance. Various model com-
pression techniques have been introduced, encompassing model
pruning[25, 41, 52, 59, 71], model quantization[44, 66], and knowl-
edge distillation[11, 12, 42]. Notably, the model pruning algorithm
stands out as one of the most widely adopted methods in this
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domain[56, 63]. Pruning involves the selective removal of unneces-
sary parameters, connections, or entire neurons, leading to a more
streamlined and efficient model. As a state-of-the-art method, the
Lottery Ticket Hypothesis (LTH) has garnered significant attention
and extensive research efforts [25]. The hypothesis posits the exis-
tence of a winning ticket, namely a properly pruned subnetwork
combined with the original weight initialization, which can achieve
competitive performance comparable to that of the original dense
network. This discovery underscores the immense potential for
efficient training and network design in the realm of deep learning.

Unfortunately, among the various research on the LTH and also
our experiment results (see §2.3), LTH-based pruning methods suf-
fer from model bias problem [61]. Through our analysis, we found
that the bias problem is caused by both ticket selection and ticket
training. The process of ticket selection entails the elimination of
redundant neurons, resembling high-dimensional feature selection
for images, and potentially introducing bias. Fairness and accuracy
can exhibit conflicts during ticket selection, with prevailing LTH-
based pruning methods prioritizing accuracy, resulting in tickets
that lack fairness. Even after obtaining a ticket that balances ac-
curacy and fairness, there is no assurance that the ticket can be
trained to reach its theoretical performance upper limit. The train-
ing process faces potential issues of overfitting and underfitting,
impacting the model’s ability to generalize and make accurate and
fair predictions. Current efforts to enhance the LTH-based prun-
ing primarily concentrate on improving its efficiency and accuracy
performance, neglecting its fairness concerns.

Inspired by ethics-aware software engineering [10, 19, 28], we
present BALLOT, a novel fairness-aware pruning framework by re-
vised winning ticket finding and training for deep neural networks.
The key idea of BALLOT is that it follows the best practice of soft-
ware engineering by first observing and analyzing the root cause
of the bias problem. Concretely, it performs a conflict detection
between the fairness optimization direction and the accuracy opti-
mization direction of the model during the model training process to
identify neurons with the highest degree of conflict. These neurons
are more likely to induce the model to optimize towards greater
variance among distinct subgroups during training, leading to bi-
ased model behavior and subsequently giving rise to instances of
discriminatory behavior in the software. Each neuron is assigned a
score representing its importance in training optimization conflicts,
and a corresponding mask is generated to remove these neurons,
resulting in the acquisition of an accurate and fair ticket. To ensure
that the ticket can eventually be trained into high-performance
models, we also refine the training procedure. This involves adapt-
ing the learning rate based on the training condition to facilitate
the model’s learning of richer features. Furthermore, we verify the
fairness performance of the model upon the completion of training.
If the fairness performance is inferior to that of the original model,
we reload the weights from earlier training rounds (the specific
number of rounds predetermined by empirical considerations) and
iteratively retrain the model until further performance improve-
ment is unattainable. This refined training approach is designed to
maximize the ticket’s performance potential.

Barrot has been implemented as a self-contained toolkit. Our
experiments on CIFAR-100, TinylmageNet, and CelebA datasets
show that BALLoT can effectively mitigate the pruning fairness
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problem while maintaining accuracy, compared with existing prun-
ing methods [26, 38, 81, 99].
Our contribution can be summarized as follows:

e We propose a novel fairness-aware DNN pruning framework.
It leverages conflict-detection-based mask generation to find
fair and accurate tickets, and training refinement to achieve
optimal performance.

e We develop a prototype BALLOT based on the proposed idea,
and evaluate it with three mainstream datasets. On average,
Barrot improves fairness by 38.00%, 33.91%, 17.96%, and
35.82% compared to state-of-the-art baselines, namely Magni-
tude Pruning, Standard LTH, SafeCompress, and FairScratch,
outperforming all baselines in terms of fairness.

e Our implementation, configurations and collected datasets
are available at [1].

2 Background and Motivation
2.1 DNN Software and DNN Model Deployment

The continuous advancements in deep neural network (DNN) re-
search and the availability of powerful computing resources have
contributed to the widespread adoption of DNNs in various appli-
cations, making DNN-powered software a key driver of innovation
in the field of software engineering [62]. DNN-powered software
refers to applications and systems that leverage the capabilities of
DNNs for various tasks, which are often developed with deep learn-
ing frameworks and libraries such as PyTorch [3], TensorFlow [5],
and Keras [34]. However, as the capabilities of deep learning mod-
els gradually increase, their scale also becomes larger and larger,
naturally taking up a lot of storage space [65]. The deployment
DNN software encounters complexities due to the diverse software
landscape and deployment demands on various mobile platforms.
Confronted with resource limitations, such as computational power,
storage capacity, and battery life, especially in embedded devices
like mobile devices, the imperative arises for mobile models to
adhere to stringent conditions encompassing reduced model size,
diminished computational complexity, and minimal battery power
consumption [56]. Consequently, a challenge is raised for DNN-
powered software developers: how can a DNN-powered software
be effectively deployed to meet performance requisites on platforms
characterized by constrained resources? The compression of DNN
models emerges as an indispensable operation in the deployment
of DNN-powered software.

Numerous studies emphasize the requisite step of model com-
pression for deploying DNN models across diverse platforms [56,
65]. Predominantly employed techniques for DNN model compres-
sion encompass model quantization [66, 80], model pruning [59, 71],
and knowledge distillation [12, 42]. Among these, the model prun-
ing is widely favored and commonly utilized, due to its capabil-
ity to directly reduce the number of computational operations in-
volved, fundamentally alleviating computation and memory pres-
sures [54, 55]. Popular Al software development frameworks such
as PyTorch [85], Tensorflow [82] and PaddlePaddle [68], all inte-
grate pruning-based model compression toolkits.

Model pruning is a kind of a prominent and effective compres-
sion technique in the field of large-scale Al software deployment.
The motivation behind model pruning stems from the recognition
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that many deep learning models, especially those with an over-
parameterized nature, contain numerous redundant or less critical
parameters. By selectively removing unimportant components or
parameters from a model, this approach achieves a remarkable
reduction in model size, rendering it more lightweight and com-
putationally efficient as well as not significantly sacrificing model
performance. In a DNN, the architecture consists of layers of inter-
connected nodes (neurons), and each connection between nodes
is associated with a weight. These weights, along with biases, are
the parameters of the model, and they are collectively represented
by the symbol 6. A DNN model f(0) is a function that takes input
data and produces output based on these parameters. More for-
mally, model pruning aims to produce a lightweight model f(6%)
satisfying the following conditions:

0*
||0|| <Q (1)

Acc(f(0)) = Ace(f(0%)) <€ @

The Acc(-) measures accuracy, which is the most frequently utilized
performance metric. |0*| and |6| are the numbers of parameters,
€ and Q are the tolerable decline of performance and the sparsity
metric respectively. Sparsity metric Q declares the level of pruning,
for instance, the Q = 0.05 requires the removal of 95% of the pa-
rameters, i.e., the pruning rate with 0.95. In practice, the goal is to
maximize the accuracy of the pruned model, i.e. achieve a smaller e
while adhering to a fixed sparsity metric Q to satisfy deployment re-
quirements. Pruned models can even achieve improved robustness
and generalization, as the reduction of parameters helps alleviate
issues such as overfitting [46, 54].

2.2 Fairness Problem in Pruning

While model pruning strikes a trade-off between accuracy and
model size, recent research take attention to potential fairness con-
cerns. For example, Paganini points out that pruning should not
only focus on overall performance metrics but should also con-
sider performance differences across subgroups and individuals,
i.e., the fairness of model [69]. In machine learning, model fair-
ness refers to the ethical and unbiased treatment of individuals or
groups throughout the development, deployment, and utilization of
machine learning models. Consequently, the definition of fairness
is also divided into two categories: individual fairness and group
fairness. Blakeney et al. find that the bias of the model grew progres-
sively as the pruning rate increased [15]. For a pruning technique to
be considered fair, the bias degree of the small model after pruning
should not significantly increase compared to the metrics of the
original model before pruning. Formally, for an original model f(6)
and a pruned model f(0*), the fairness criterion can be defined as:

d(f(0%) —d(f(0)) <6 ©)

where d(-) computes the bias degree (i.e. higher values represent
lower levels of fairness), and J is the tolerance. As previously
mentioned, the definition of fairness is categorized into individual
fairness and group fairness. This paper specifically concentrates
on group fairness. For datasets with sensitive features, fairness
metrics such as demographic parity (DP) [22] and equal oppor-
tunity (EO) [39] are commonly employed to assess whether the
model exhibits discrimination against distinct groups. Since vision
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and natural language processing tasks usually have neither explicit
sensitivity characteristics nor explicit favorable/unfavorable treat-
ment, we utilize class-wise variance (CWV) [84] and maximum
class-wise discrepancy (MCD) [84] to measure variations in the
model’s performance across different groups, i.e. to measure the
bias degree.

These metrics are formally defined below:

Class-wise Variance (CWYV). Given a dataset with C classes and a
given model, the accuracy on the subdataset belonging to c;j, class
is denoted as acc.

1 Cc 1 C
P — agec)’. atc = —
CWV = e E (acce — acc)?, ace c s acce

c=1 [4

©

Maximum Class-wise Discrepancy (MCD). For a model, given
the maximum and minimum class accuracy acct and acc™, MCD
can be defined as:
MCD = acc* — acc™ (5)
Intuitively, CWV represents the average discrepancy, while MCD
assesses the extreme discrepancy among classes to estimate the
fairness of a model. Larger values of these metrics indicate a higher
degree of bias in the model. For example, for a software that in-
cludes a face recognition module, each class corresponds to one
user, and if there are some users whose recognition accuracy is
significantly lower than the average or other users (resulting in
a large CWV or MCD), it implies unfair treatment, as users with
equivalent qualifications receive disparate service quality. While
our primary assessment of model fairness revolves around these
two metrics, our approach readily extends to other fairness metrics
such as DP and EO, contingent on the user defining advantageous
outcomes based on the scenario. We select these metrics because
they are well-established and commonly used metrics [13, 31, 81]
that are generally applicable to various tasks and datasets including
both vision and NLP tasks discussed in this paper.

2.3 Lottery Ticket Hypothesis

A recently proposed technique known as the Lottery Tickets Hy-
pothesis (LTH) has emerged as a rapidly growing method in the field
of model pruning, which focuses on sparse trainable subnetworks
within fully dense networks [25]. The LTH posits the presence of a
sparse subnetwork within a randomly initialized dense network,
which can achieve test accuracy comparable to that of the original
dense network within at most the same number of iterations dur-
ing independent training. This sparse subnetwork is known as the
“winning ticket”. More specifically, for a randomly initialized dense
neural network f(6y) parameterized by 6y € RI%! LTH suggests
searching a mask m € ({0, 1}H%1) e, the winning ticket is the
sparse subnetwork f(6y ® m), where © denotes the element-wise
product and |6y| denotes the numbers of parameters. To find a
winning ticket, it is common practice to first train the initialized
network for some epochs and compute a mask based on the behav-
iors of the trained model. LTH-based pruning usually follows the
train-prune-retrain pipeline as shown in Figure 4. Given a dense
neural network f(6p) initialized by the parameter 6, € Rl and
the sparsity metric Q, the process of finding a winning ticket and
perform pruning can be expressed as:
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i) Train the network f(6y) for E epochs to get a well-trained
model f(6).

ii) Remove parameters in 6 which satisfied the sparsity metric
Q,by creating a mask m € ({0, 1}|9°|). Reset the remaining
parameters to their initial values in 6y, creating the winning
ticket f(6p © m).

iii) Retrained the f(6y ® m) to get final pruned model f(6).

Ideally, the performance of f(0%) is expected to surpass that of
f(0) within a limited number of training epochs, not exceeding E.
However, in a standard LTH setup [25], a winning ticket can only
be found when the learning rate is very small, and the performance
advantage will become smaller when the learning rate is large. How
to find lotteries that actually win is still a problem worth exploring,
but this does not detract from the practical value of LTH-based
pruning to select high-value subnetworks. A series of efforts were
devoted to finding the most promising ticket, which can achieve
higher performance[60].

Despite the remarkable success of LTH-based pruning in achiev-
ing high performance, it is crucial to recognize that it still grap-
ples with the challenge of fairness. To demonstrate this matter, we
pruned the widely utilized open-source model ResNet50 Gender
Classifier [2] using PyTorch’s official LTH pruning algorithm pack-
age [3]. Subsequently, we assessed the fairness and accuracy of the
original model on the CelebA dataset [57] concerning its sparser
versions obtained through LTH-based pruning, with pruning ra-
tios set at 0.9, 0.95, and 0.99, respectively. The accuracy, CWV, and
MCD are recorded for each model, and the results are presented in
Figure 1. The bars in the figure are pattern-coded, with diagonal-
hatching representing the original model, and crosshatching, dotted
pattern, and plus sign pattern corresponding to pruning rates of 0.9,
0.95, and 0.99 (i.e. sparsity of 0.10, 0.05 and 0.01), respectively. As
depicted in the figure, while not leading to a significant decrease in
model accuracy, an increase in model sparsity results in a significant
reduction in fairness performance.

This observation highlights that the LTH approach, being pri-
marily focused on identifying a winning ticket that can retain its
capacity toward test accuracy throughout training, tends to over-
look potential fairness issues. Consequently, a pertinent question
arises: Is it feasible to identify a winning ticket that excels in both
accuracy and fairness concurrently?

3 System Design
3.1 Problem Statement

In this paper, we aim to develop an automated model pruning frame-
work that concurrently addresses both pruning rate and fairness
considerations. For a given initialized complex network f(6y) and
training epochs E, the f(6y) can be normally trained into a model
f(0) with E epochs. We focus on how to select a ticket to satisfy the
specified sparsity metric Q, and retrain this ticket into a final sparse
model f(0%) by a training method T. The f(6*) should attain a
high level of fairness, while fulfilling the availability requirement
stated by the sparsity metric Q and accuracy specifications € as
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Equation 1 and Equation 2. Formally, our objective is:
min [d(f(6")) - d(f(0))]
m,T

16"

16]
where the d(-) € {CWV, MCD} is a measure of bias degree referred
to §2.2, which represents a higher fairness with lower indicator
value. The |0| and |0*| calculate the number of parameters, while
Acc(-) calculates the accuracy of the model on the test dataset.
Note the pruning rate is (1 — Q). Our objective is to enhance the
fairness of the pruning model as much as possible while preserving
its performance (i.e., accuracy). This involves finding a balance
between accuracy and fairness, making trade-offs when necessary.

s.t.

<Q Acc(f(0)) — Acc(f(0%)) < e

3.2 Root Cause Analysis

In pursuit of an accurate and fair ticket, it is essential to consider
the trade-off involved in optimizing both aspects. We believe that
trade-off arises at two primary levels: first, in determining what
components of the model should be removed during pruning (called
ticket selection); and second, in devising an appropriate training
strategy for the model after the removal (called ticket training).
Below, we conduct an exhaustive analysis of the factors contributing
to fairness issues in both ticket selection and ticket training.

3.2.1 Ticket Selection. Fairness and accuracy may conflict in the
search for tickets. For DNN models, the ticket selection and prun-
ing process involves removing redundant neurons. Typically, high-
dimensional features extracted from samples are stored in neurons
as combinations. Thus, ticket selection is equivalent to feature se-
lection on the dataset, which represents a form of high-dimensional
feature selection for a sample. However, this selection process may
introduce bias. As previously discussed, LTH methods predomi-
nantly prioritize accuracy, potentially leading to the identification of
tickets that lack fairness. Such tickets may resort to taking shortcuts
instead of genuinely learning the intended solution. For instance,
in a face recognition software deployed in a predominantly white
neighborhood, a ticket may only use skin color as the determi-
nant of whether a visitor is a local resident, resulting in reduced
generalization and fairness [32]. Conversely, exclusively focusing
on fairness during ticket identification may result in a decline in
accuracy. Intuitively, if a face recognition software blocks out all
features related to skin color to be fair, its face recognition perfor-
mance is likely to suffer considerably. Hence, a trade-off must be
carefully considered throughout the process of ticket selection to
strike a balance between fairness and accuracy.

We study the association of neurons to features by employing an
interpretable Al technique known as GradCAM [75]. The GradCAM
heatmap visually represents the regions in an image that the deep
learning model deemed most influential in making its prediction,
wherein “hot” regions indicate areas of significant influence on
predicting the object’s class membership. The primary objective
of using the GradCAM heatmap is to visualize the regions of the
input image that the model’s attention is directed towards under
varying masks, shedding light on the model’s feature focus dur-
ing its decision-making process. The experiment is based on the
ResNet-50 model, which was trained on the PubFig dataset [49].
Figure 2 shows how the neuron mask affects the model’s selection
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Figure 1: Performance of ResNet50 Gender Classifier and its sparse versions after LTH-based pruning.
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Figure 2: GradCAM heatmap for different models. (a) is the original
image; (b)-(d) are the results of the original model, the model after
random mask application and the model after BALLOT pruning.

of features. In the figure, regions highlighted in orange depict areas
where the model exhibits high attention, while regions colored
in blue represent areas with lower model attention. Note that (a)
represents the original image, while (b), (c), and (d) correspond to
the saliency maps of the original model, the model after random
mask application, and the model after BALLOT pruning, respectively.
Obviously, the region of interest of the model undergoes a shift as
the neurons involved in decision-making are different. The region
of interest of the model after random mask depicted in (c) exhibits a
significant shift compared to the original model (b), diverting its fo-
cus from facial features to other attributes that are unrelated to face
classification but may carry discriminatory information (e.g., hair
color, clothing, etc.). In contrast, the model after BALLOT pruning ap-
pears to maintain a closer resemblance to the original model, which
likely indicates that the model prioritizes the region containing fea-
tures essential for face classification. This observation underscores
the substantial influence that the judicious selection of neurons
can have on the fairness of the model. We further corroborate this
through subsequent empirical experiments (see §4.4).

3.2.2 Ticket Training. Even upon obtaining a ticket that strikes
a balance between accuracy and fairness, there is no guarantee
of successfully “claiming a prize”, that is, training a model that
attains the upper limit of its theoretical performance. There are two
potential issues related to the training process. First, if the model
excessively focuses on learning the features of existing training
samples, it may treat some of these specific features as if they
are universally representative of all potential samples, leading to
overfitting. In such cases, the model becomes too tailored to the
training data and may not generalize well to new, unseen samples,
thus introducing bias. Conversely, if the model’s learning capacity
is too limited, it may not adequately capture the general features
of the samples. This situation, known as underfitting, results in
a failure to learn critical patterns from the data, leading to poor
performance on both training and unseen samples. Achieving an
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Figure 3: Average model performance on CIFAR-100 dataset for
different training epochs setup.

optimal balance between overfitting and underfitting is essential for
obtaining a model that generalizes well and demonstrates accurate
predictions on new and diverse samples.

We conduct a series of training experiments on the CIFAR-
100 dataset, utilizing the same ticket (model prototype) acquired
through standard LTH pruning with a pruning rate of 0.95. The
experiments involve training the model for 50 and 150 epochs (un-
derfitting model), 250 epochs (normally fitting model), and 500, 750,
and 1000 epochs (overfitting model). Throughout all experiments,
a uniform learning rate of 0.03 is employed. Then we evaluate the
accuracy and fairness of these trained models. Figure 3 compares
the accuracy, CWV, and MCD of these models. As we can see, the
normal model exhibits the most favorable performance in both fair-
ness and accuracy, whereas the underfitting model demonstrates
the poorest performance. This highlights that, despite employing
the same ticket, the training process significantly influences the
final performance of the retrained model.

3.3 System Overview

Through our analysis, it becomes evident that existing methods
encounter challenges in finding tickets that simultaneously achieve
both accuracy and fairness while successfully training a model.
In response, our proposed framework, BALLOT, introduces novel
conflict-detection-based mask generation and training refinement
techniques to obtain accurate and fair sparse models. We first lo-
cate the root cause, namely neurons exhibiting conflicts between
fairness and accuracy during optimization, and then generating
masks that block out these neurons to get a sparse model and train
it by a comprehensive strategy to improve its fairness performance.
The primary objective of mask generation is to ensure that the
model focuses on the most relevant features during the learning
process. The training refinement is pivotal in ensuring that the
model not only captures essential features but also achieves equi-
table outcomes across different groups or classes.

Figure 4 presents the workflow of Barrot. Following the con-
ventional LTH approach, we commence by training randomly ini-
tialized models while recording the gradient values of each neuron
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Figure 4: Overview of BALLOT.

during each round of model training with respect to accuracy loss
and fairness loss. Subsequently, we employ these gradient values
to conduct an analysis and identify neurons that present conflicts
between fairness and accuracy optimization objectives. Next, we
generate masks corresponding to these identified neurons and pro-
ceed to prune them to address the conflicts. Finally, we undertake
a training refinement step on the sparse model to achieve an op-
timized model. We dynamically adjust the learning rate during
training to enhance the model’s acquisition of more nuanced fea-
tures, and if the trained model’s fairness lags behind the original
model, we iteratively retrain it with weights reloaded from earlier
rounds until further improvement is unattainable.

The overall algorithm of BALLOT is presented in Algorithm 1,
denoted as procedure FixModel. It takes a base model f(6p), the pre-
determined sparsity metric Q and the number of training epochs E
as inputs, and outputs an optimized model f(0*). Firstly, BALLOT en-
gages in a standard training process on the base model f(6y), record-
ing the accuracy loss L, and the fairness loss Ly for each epoch (line
2-7). This meta-data collection aims to acquire insights into the
optimization directions concerning accuracy and fairness during
training, facilitating subsequent conflict analysis. Next, BALLOT uti-
lizes this information to identify the mask corresponding to a ticket
that satisfies both accuracy and fairness (line 8). Traditional LTH
methods often prioritize accuracy, leading to subpar fairness perfor-
mance. In contrast, BALLOT guides the model to optimize towards
the direction of conjugate optimization by analyzing the directions
of fairness and accuracy optimization, thereby enhancing the likeli-
hood of discovering a model that is both accurate and fair. Finally,
BarroT employs training refinement (lines 9-11) to optimize the
performance of the discovered tickets. Through this refined train-
ing, BALLOT guarantees the preservation of model accuracy while
concurrently striving to uphold fairness.

3.4 Mask Generation

To address this challenge mentioned in §3.2.1, we propose a novel
mask generation approach termed conflict-detection-based mask
generation. Specifically, we collect the gradients corresponding to
the fairness and accuracy of each neuron during training the model
in the normal way, and then locate neurons with optimization
conflicts and generating masks to remove them.
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Algorithm 1 Barrot Algorithm

Input: f(6p): base model with random initialized weight
Input: Q: sparsity metric
Input: E: number of training epochs
Output: f(0*): optimized model
1: procedure FIXMODEL

2: Lg <[] v list of model accuracy loss
3: Ly <11 v list of model fairness loss
4: fori < 0toEdo
5: f(0ir1) — Training(f(0;))
6: Lgli] « AccLoss(f(0i+1))
7: Lyli] « FairLoss(f(0:+1))
8: m «— GenerateMask(La, L)
9: fori « 0toEdo
10: f(Biz1 ©m) « RefinedTraining(f(0; © m))
11: f(6%) « f(6g ©m)
return f(6%)
Input: Lg: list of accuracy loss for each epoch
Input: Lf: list of fairness loss for each epoch
Input: y: hyperparameter used to control the loss weight
Input: 7: hyperparameter used to control the neuron sorting ratio

Output: m: mask corresponding to fair and accurate ticket
12: procedure GENERATEMASK

13: Le «[] v list of model weighted loss
14: count « [] > Record the number of conflicts for each neuron
15: fori < 0to|0| do

16: count[i] « 0

17: fori « 0 to E do

18: Le[i] « Lalil +y X Lgli]

19: | « Sort(L¢|i].neuronvalue)

20: for j «— 0ton x|60| do

21: count|[l[j].index]| « count|[l|j].index] + 1

22: countsorted < Sort(count)

23: fori «— 020 Q X |0| do

24: Append(m, countsorted|i].neuron)

return'm

Prior to delving into our approach, let us first introduce the
precise definitions of the accuracy loss function (denoted as I;)
and the fairness loss function (denoted as /¢) employed in our
methodology. The l; and [ can be formulated as:

C
exp(xnC)
la== ) log el ™
¢ Z; 3, explani)
Iy = Zw log —SPne) ®)
- (o}
Zlclexp(xnt)

In the context of the prov1ded equations, C denotes the number
of classes, x represents the input data, y denotes the target and
w corresponds to the weight. Here, we set the weights as %Cc
where atc. denotes the accuracy of the previous iteration of the
model. For each respective class, we take this value as an estimate
of the current iteration’s accuracy. The choice of weights follows
an inverse proportionality to the accuracy achieved in the prior
iteration for individual classes.

Initially, during the standard training process, we collect the
gradient values of each neuron pertaining to both the fairness and
accuracy loss functions for each training round (line 4-7). This
information serves as the foundation for evaluating potential opti-
mization conflicts. Then we compute the sum of these two values
for every round, weighted by a certain percentage y to ensure that
both values are on the same order of magnitude (line 12-18). Here,
the value of y is predetermined based on the outcomes of hyper-
parameter experiments, as discussed in §4.5. The resulting sums
are sorted to derive a reference value, denoted as conflict degree
I, delineate the degree to which the optimization objectives of the
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two loss functions are in conflict during each respective round (line
19). Next, we find out the neurons with the highest degree of con-
flict and increment their respective count (line 20-21). By summing
the count values of each neuron across all rounds, we identify the
neurons with the highest number of conflict rounds (line 22-24).
These neurons are then removed based on the sparsity metric to
obtain the desired mask for our approach.

Through an examination of the metadata from the training pro-
cess, we identify neurons whose optimization exhibited conflicts
between the fairness and accuracy objectives. This analysis aid
in the discovery of potential models that are more inclined to
achieve fairness-accuracy conjugate optimization by eliminating
these neurons. However, merely identifying such a sparse model
prototype (ticket) is insufficient; it remains crucial to consider how
to effectively train this prototype into a fully functional and high-
performing model (claim a prize). The optimization and validation
of ticket training are imperative.

3.5 Training Refinement

Upon finding a ticket, our task is only halfway completed. While
this ticket holds the potential to serve as a fair and accurate model,
careful training is crucial. Traditional LTH methods involve loading
the ticket with the initial base model weights 6 and then retraining,
akin to the initial training. However, such an approach lacks opti-
mization steps and neglects performance validation of the trained
model. Thus, there is a need for a more comprehensive training
strategy that includes optimization techniques and robust perfor-
mance validation to ensure the model attains its full potential.

To address this, we undertake a comparison of various training
policies and optimize the training procedure employing a technique
termed training refinement. In detail, we commence the training
refinement process by reloading the initial weights into the pruned
model. Subsequently, we conduct model training using a decreas-
ing learning rate strategy to facilitate learning as many essential
features as possible while avoiding overfitting. The objective is to
strike a balance between adequately capturing necessary patterns
in the data and ensuring the model’s ability to generalize effec-
tively to new, unseen samples. Ultimately, we validate the retrained
model. If the model’s fairness performance falls below that of the
original model, we initiate a feedback loop by returning to the
first step. During this process, instead of reloading the base model
initialization weights, we reload the weights after completing a
specified number (typically a small single or double digit number
predetermined by empirical considerations, see §4.4) of training
epochs and recommence the training procedure. This is because
sparse subnetworks that remain stable to the optimization noise
in the early stages of training are more likely to be winning tick-
ets [27]. We iterate through the aforementioned steps until fairness
or accuracy decreases above the threshold value € or ceases to im-
prove further. It increases the likelihood of identifying and training
winning tickets to the desired levels of accuracy and fairness. By
following the aforementioned process, we mitigate potential issues
such as convergence failure or convergence to a local optimum,
which may arise during the training process. Our approach endeav-
ors to ensure that the previously obtained accurate and fair tickets
can be effectively employed to train a high-performing model.
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4 Evaluation

We aim to answer the following research questions through our
experiments:

RQ1: Can BaLLor effectively claim the winning ticket?

RQ2: How efficient does BALLOT find and claim the winning ticket?
RQ3: How do mask generation and training policies affect the
performance of BALLOT?

RQ4: What is the impact of different configurable parameters in
BarLot?

4.1 Setup

4.1.1 Software and Hardware. The prototype of BALLOT is imple-
mented on top of PyTorch 2.0. We conduct our experiments on a
server with 64 cores Intel Xeon 2.90GHz CPU, 256 GB RAM, and 4
NVIDIA 3090 GPUs running the Ubuntu 16.04 operating system.

4.1.2 Datasets. We evaluate BALLOT on five popular datasets: CIFAR-
100 [4], TinyImageNet [50], CelebA [57], LFW [43], and Moji [16].

e CIFAR-100 is a widely-used colored image dataset used for
object recognition. It contains 60,000 32x32 color images in
100 classes, of which 50,000 are training images and the rest
are test images.

e TinyImageNet is a subset of the ILSVRC2012 classification
dataset. It consists of 100k colored images of 200 classes, and
all images have been down-sampled to 64 = 64 * 3 pixels.

o CelebA is a large-scale face attributes dataset with more
than 200K celebrity images. The images in this dataset cover
large pose variations and background clutter. We perform
face gender classification task on this dataset.

e LFW is a collection of over 13,000 face photographs sourced
from the web. Many groups are underrepresented in this
dataset, such as children, babies, individuals over the age
of 80, and women. Therefore, LFW is suitable for evaluat-
ing model performance in the data imbalance setting. We
perform face gender classification task on this dataset.

e Moji contains more than 100,000 tweets written in either
“Standard American English” or “African American English”,
annotated with positive or negative sentiment. We perform
text sentiment classification task on this dataset.

4.1.3 Models. For a fair comparison with baseline methods, we
reproduce the baselines and use the same models and setup on each
method in the experiments. We train the 50-layer ResNet model
(i.e., ResNet50) [40] and the VGG16 [78] with SGD and set the batch
size to 32. In the training process, the learning rate starts from 0.1
and reduces to 1/10 of the previous learning rate after 100, 150 and
200 epochs (250 in total). When pruning models, we set the sparsity
to 0.05, i.e., remove 95% of the parameters in the model. Random
cropping and horizontal flip are adopted for data augmentation.

To assess the performance of the BALLOT in natural language pro-
cessing tasks, we conducted experiments on the BERT model [21].
We finetune the BERT model with AdamW, set the batch size to 32
and the learning rate to 5e-5.

4.1.4 Baselines. We compare BALLOT with other state-of-the-art
model pruning methods, including Magnitude Pruning [38], Stan-
dard LTH [26], SafeCompress [99], and FairScratch [81]. In experi-
ments, We run the baseline methods with the default settings which
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are recommended in their papers and open-source code and record
their performance.
Magnitude Pruning. Han et al. [38] trained a model to learn which
neuronal connections are important, and then they pruned those
unimportant ones and fine-tuned the target model. Their method
can effectively reduce the number of parameters of the target model
by an order of magnitude without affecting their accuracy.
Standard LTH. Frankle et al. [26] proposed the Lottery Ticket
Hypothesis (i.e., Standard LTH in this paper) that a DNN contains
subnetwork (e.g., the winning ticket) that is able to match the test
accuracy of the original network after training. They found the
winning ticket by masking the original model, thereby reducing
the number of parameters of the model while ensuring accuracy.
SafeCompress. Zhu et al. [99] proposed SafeCompress, which is a
test-driven sparse training framework for safe model compression.
SafeCompress first prunes the big model to an initial sparse model,
and then iteratively compresses the sparse model with various com-
pression strategies. We reuse their open-source code by replacing
the safety metric with fairness metrics.
FairScratch. Tang et al. [81] proposed a fairness learning frame-
work for computer vision system without weight training. It tries
to find a suitable mask in the initialized original model, whose cor-
responding subnetwork has a high performance without training.
First three works designed model pruning and compression meth-
ods from the perspective of model performance and security, which
effectively enhance the accuracy and safety of pruned models. How-
ever, they all raise fairness issues. The reason is that none of them
consider the impact of pruning on model bias and fairness, nor use
any metrics as guidance. In fact, during the pruning process, they
may prune some neurons that are strongly associated with fairness
in order to ensure the accuracy of the model, thereby introduc-
ing bias into the model, which makes it difficult for the model to
achieve high fairness. FairScratch, on the other hand, does not con-
sider the increased difficulty of identifying winning tickets without
weight training, particularly in scenarios with high compression
rates, which limits its performance.

4.1.5 Evaluation metrics. We compare BAaLLoT with the baselines
on five metrics: accuracy, precision, recall, CWV and MCD (see §2.2).

4.2 ROQ1: Effectiveness in Finding and Claiming
Winning Ticket

Experiment Design: To evaluate the effectiveness of BALLOT in
finding and claiming in the winning ticket to fix the bias problems,
we use the following three baseline pruning methods and BALLoT
to conduct experiments on ResNet50, VGG16 and BERT on the
five datasets, which are mentioned in §4.1. In the experiment, we
fixed the training settings and dataset of the model and ran the
training 10 times to ensure the reliability of the results and reduce
the randomness. We compare the performance between BALLOT
and baseline methods in terms of both utility and fairness.

Results: The comparison results are presented in Table 1. The
first column shows two datasets and the second column lists four
methods in experiments including BaLLoT. We record the model
performance of the original models that have not been pruned,
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Table 1: Effectiveness evaluation results.

Model Dataset Methods Acc.  Precis. Recall CWV  MCD
Magnitude Pruning  0.5892  0.5923  0.5881 0.0262  0.7493
Standard LTH 0.6145 0.6186 0.6160  0.0254 0.7056
SafeCompress 0.6163 0.6149 0.6168  0.0254 0.6396
CIFAR-100 FairScratch 0.5957 0.5993 0.5952  0.0276 0.6407
BaLror 0.6449 0.6444 0.6436 0.0225 0.6243
Original Model 0.6390 0.6417 0.6390  0.0229 0.6134
Magnitude Pruning  0.4136  0.4291 0.4296  0.1205 0.3565
Standard LTH 0.4454 0.4268 0.4457  0.1193 0.3333
TinylmageNet SafeCompress 0.4460 0.4657 0.4436  0.1098 0.4242
Y & FairScratch 0.4133  0.4197 0.4153  0.1222  0.3436
Barror 0.4534 0.4442 0.4512 0.1073 0.2500
Original Model 0.4662 0.4377 0.4643  0.1173  0.2065
ResNet50

Magnitude Pruning  0.9528 0.9501 0.9524 4.89%e-4  0.0404
Standard LTH 0.9691 0.9695 0.9687 3.87e-4 0.0384
CelebA SafeCompress 0.9526 0.9619 0.9527 1.37e-4 0.0292
FairScratch 0.9644 09649 0.9645 3.54e-4 0.0396
Barror 0.9702 0.9689 0.9707 8.21e-5 0.0138
Original Model 0.9705 0.9698 0.9711 3.13e-5 0.0109
Magnitude Pruning  0.9635 0.9628 0.9641 9.23e-4  0.0335
Standard LTH 0.9700  0.9693 0.9706 7.30e-4 0.0315
LEW SafeCompress 0.9524 0.9517 0.9530 1.37e-4 0.0192
FairScratch 0.9770  0.9763 0.9776 3.34e-4 0.0215
BaLror 0.9850 0.9843 0.9856 5.54e-5 0.0121
Original Model 0.9865 0.9858 0.9871 3.59¢-5 0.0123
Magnitude Pruning  0.5899  0.5930 0.5888  0.0524 0.7979
Standard LTH 0.6150 0.6191 0.6165  0.0508 0.7112
SafeCompress 0.6168 0.6154 0.6173  0.0508 0.6784
CIFAR-100 FairScratch 0.5962  0.5998 0.5957  0.0552 0.6821
Barror 0.6456 0.6451 0.6443 0.0450 0.6486
Original Model 0.6395 0.6422 0.6395  0.0458 0.6268
Magnitude Pruning  0.4143 0.4298 0.4303  0.2410 0.3530
Standard LTH 0.4461 0.4275 0.4464  0.2386 0.3669
TinylmageNet SafeCompress 0.4466 0.4663 0.4443  0.2196 0.4484
yimagene FairScratch 04139 04203 04159 0.2444 03872
BaLror 0.4539 0.4448 0.4518 0.2146 0.2605
Original Model 0.4667 0.4382 0.4648  0.2346 0.2130

VGG16
Magnitude Pruning  0.9533  0.9506 0.9530  0.0098 0.0308
Standard LTH 0.9696 0.9700 0.9692  0.0077 0.0318
CelebA SafeCompress 0.9531 0.9624 0.9532  0.0027 0.0304
FairScratch 0.9649 09654 0.9650  0.0031 0.0292
Barror 0.9707 0.9694 0.9712 0.0016 0.0276
Original Model 0.9710  0.9703 0.9716  0.0063 0.0218
Magnitude Pruning  0.9642 0.9635 0.9648 6.30e-3  0.0470
Standard LTH 0.9705 0.9698 0.9711 3.44e-3  0.0420
LEW SafeCompress 0.9529  0.9522 0.9535 5.61e-3 0.0264
FairScratch 0.9775 0.9768 0.9781 3.32e-3  0.0230
Barror 0.9855 0.9848 0.9861 1.61e-4 0.0233
Original Model 0.9870 0.9863 0.9876 1.22e-4 0.0266
Magnitude Pruning  0.9188 0.9123 0.9142  0.4467 0.9984
Standard LTH 0.9437 09472 0.9411 0.4469  0.9975
. SafeCompress 0.9336  0.9341 0.9318  0.3254 0.6966
BERT Moji FairScratch 0.9430 09435 09412 02887 0.6536
Barror 0.9636 0.9647 0.9566 0.1254 0.3323
Original Model 0.9612  0.9523 0.9681  0.1168 0.3360

which is represented as ‘Origin’ in the second column. The re-
maining columns list the performance of the pruned model, includ-
ing accuracy (Acc.), precision (Precis.), recall, class-wise variance
(CWV), and maximum class-wise discrepancy (MCD). The best
results among different pruning methods are highlighted in bold.
The experiment results demonstrate that the winning tickets
exist and BALLOT can effectively find and claim these lottery tickets.
On the one hand, BALLOT can effectively alleviate the fairness bias in
model pruning and the ticket BALLOT found has better performance
in fairness than other baselines. The last two columns of Table 1
show the fairness improvement of BALLOT on these datasets. The
models pruned by BAaLLoT achieve the lowest CWV (indicates the
highest fairness) among all models, which exceeds the Magnitude
Pruning by 32.52%, 53.71%, and 71.92%; Standard LTH by 35.60%,
56.78%, and 71.91%; SafeCompress by 60.87%, 58.33%, and 61.49%;
and FairScratch by 43.02%, 60.11%, and 56.57% on pruning ResNet50,
VGG16, and BERT. On average, BALLOT improves CWV by 49.05%,
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Figure 5: Time to prune and retrain a model.

54.76%, 60.23%, and 53.23% compared to baselines, namely Magni-
tude Pruning, Standard LTH, SafeCompress, and FairScratch. In
terms of MCD, the BarLoT also has advantages in alleviating the
class-wise discrepancy over other baselines. MCD of BALLOT ex-
ceeds the Magnitude Pruning by 43.81%, 44.79%, and 66.72%; Stan-
dard LTH by 48.25%, 46.88%, and 66.67%; SafeCompress by 57.81%,
52.78%, and 52.21%; and FairScratch by 46.20%, 49.18%, and 49.17%
on pruning ResNet50, VGG16, and BERT. On average, BALLOT im-
proves MCD by 51.77%, 53.93%, 54.27%, and 48.18% compared to
state-of-the-art baselines, namely Magnitude Pruning, Standard
LTH, SafeCompress, and FairScratch. Although the MCD result of
the model pruned by BALLoT is slightly behind the original model,
it has already significantly exceeded the four baselines.

On the other hand, Barror effectively preserves and even im-

proves the model accuracy, precision, and recall when pruning
models and achieves the highest utility among all methods. From Ta-
ble 1, we can observe that BALLOT outperforms the state-of-the-art
methods on accuracy, precision and recall when pruning models.
Compared to the non-pruned models (i.e., original model), Mag-
nitude Pruning degrades 8.51%, 8.75%, and 4.41%; Standard LTH
degrades 3.03%, 3.25%, and 1.75%; SafeCompress degrades 8.79%,
9.05%, and 2.76%; and FairScratch degrades 1.30%, 1.45%, and 1.82%
on pruning ResNet50, VGG16, and BERT respectively. In contrast,
the degradation of model accuracy of BALLOT is only 0.70% and
0.85% for ResNet50 and VGG on average. BALLOT even improves the
accuracy of the original model by 0.92% on the CIFAR-100 dataset
for ResNet50 and 0.24% on the Moji dataset for BERT.
Analysis: From Table 1, we can have the following observations.
First, compared with other baselines, BALLOT can prune the given
models and make them more effective (higher accuracy, preci-
sion, and recall) and fair (higher fairness performance). Secondly,
compared with the original models, the model pruned by BaLLoT
doesn’t degrade the accuracy, and in some cases, the pruned mod-
els can achieve higher test accuracy. This phenomenon could be
attributed to the model pruning process enabling a concentrated em-
phasis on pivotal neurons, representing combinations of essential
features, as noted in prior studies [29, 89]. Therefore, in conclusion,
Barrot can effectively find and claim the winning ticket which
can take both utility and fairness into account. In other words,
BALLOT can fix the bias issues in model pruning and retraining and
guarantee the utility and fairness of the pruned model.

4.3 RQ2: Efficiency in Finding Winning Ticket

Experiment Design: To evaluate the efficiency of BALLOT in find-
ing and claiming the winning ticket, we measure the time cost of
Barror and the baselines (i.e. Standard LTH, SafeCompress, and
FairScratch) in performing a complete pruning and retraining pro-
cess on these datasets. Since the Magnitude Pruning method does
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Table 2: Comparison among different mask generation and training
policies in BALLOT. w/o is short for without., and BaLroT (nth) is
short for BALLOT rewinding to nth epoch.

Method Acc.  Precis. Recal CWV  MCD

0.6383
0.6401
0.6449

0.6353
0.6395
0.6444

0.6379
0.6410
0.6436

0.0261
0.0258
0.0225

0.6538
0.6712
0.6243

Random
Magnitude
BarLor

Mask Policy

0.5905
0.6237
0.6448
0.6444
0.6421

0.5924
0.6277
0.6423
0.6436
0.6431

0.0282
0.0235
0.0229
0.0225
0.0233

0.7512
0.6566
0.6339
0.6243
0.6301

w/o LR decreasing ~ 0.5922
w/o rewind 0.6285
Barror (5th)
Barror (10th)
Barror (15th)

0.6411
0.6449
0.6425

Training Policy

not contain the retraining process after pruning, which makes it
difficult to make a fair comparison, we do not involve this method
in the comparison. To avoid the effect of randomness, we perform
10 trials that use random training/test data splitting and compute
and record the average time overhead of each method. The corre-
sponding results and analysis are presented below.

Results: Figure 5 shows the time cost of each method and demon-
strates the efficiency of BALLOT in finding fair sparse model. The
blue, orange, gray, and yellow bars represent the time cost of the
four methods respectively. On average, on the CIFAR-100, TinyIm-
ageNet, and CelebA datasets, BALLOT spends 255.8 minutes, 530.4
minutes, and 200.5 minutes, which are 16.80%, 18.76%, and 4.89%
faster than the SafeCompress, and 18.85%, 12.05%, and 5.07% faster
than the FairScratch. Compared with the Standard LTH method,
Barror takes slightly more time. The average execution time of
Barror is 3.02%, 6.00%, and 2.35% longer than the Standard LTH.
Analysis: As shown in Figure 5, compared to baselines, BALLOT
costs close or less time on pruning and retraining. BALLOT spent
significantly less time than the SafeCompress method on finding
and claiming lottery tickets, and its time cost is close to that of the
Standard LTH. Combined with the results in Table 1, we can see
that BALLOT achieves far better results than the baseline in terms
of fairness and utility while costs similar or even less time, which
demonstrates the efficiency of BALLOT in finding fair sparse models.

4.4 ROQ3: Impacts of Mask Generation and
Training Policies

Experiment Design: BAaLLoT leverages two core components,
namely the conflict-detection-based mask generation and training
refinement, to find and claim the winning tickets. In this section,
we aim to demonstrate the effectiveness of these two components
by comparing the performance of the pruned model under different
mask generation and training policies. To this end, 1) for mask gen-
eration policies, we compare the results of finding winning tickets
among the conflict-detection-based mask generation implemented
in BALLOT (see §3.4), random mask generation, and magnitude mask
generation. The random policy randomly selects neurons to gen-
erate masks. The magnitude one removes those neurons with the
smallest weights to generate a mask, which is applied in Standard
LTH [26]. 2) for training policies, we compare the performance
among BarLoT rewinding to 5th epoch, BALLOT rewinding to 10th
epoch (default), BALLoT rewinding to 15th epoch, BALLOT without
learning rate decreasing, and BaLLoT without rewind. The latter
two are training policies that do not use learning rate decreasing
or the rewind method, which are introduced in §3.5. We follow
the experiment settings in §4.1 and conduct experiments on the



ISSTA °24, September 16-20, 2024, Vienna, Austria

CIFAR-100 dataset. We record and compare the accuracy, precision,
recall, CWV, and MCD of these models to observe how different
mask and training policies affect their utility and fairness.
Results: Table 2 presents the results, where the best results are
marked in bold. The first columns list different mask generation
and training policies, and the following five columns show the
results of the pruned models on accuracy, precision, recall, CWV,
and MCD. Overall, BALLOT achieve the comprehensively best fix
results among the compared methods, which indicates that the
conflict-detection-based mask generation and training refinement
in BALLOT can help to find fair sparse models.

Impact of mask generation policy: The first three rows of Ta-
ble 2 show the comparison results of mask generation methods,
where the first line shows the results of the default method in
Barrot. When Barrot applies the random mask generation in-
stead of conflict-detection-based mask generation, the accuracy of
pruned models decreases by 1.02%, and CWV and MCD increase by
15.87% and 4.73%. In addition, using the magnitude mask genera-
tion method instead of the one in BALLOT also causes performance
degradation. It decreases the accuracy by 0.74% and increases CWV
and MCD by 14.67% and 7.51% respectively. It follows that the model
obtained by BALLOT pruning is more effective in maintaining fair-
ness, in line with our observations in §3.2.1.

Impact of training policy: The last five rows show the effect
of different training policies. Compared to the default training
refinement in BALLOT, BALLOT without learning rate decreasing
and BarroT without rewind reduce the accuracy of pruned models
by 8.17% and 2.54% and increase the CWV by 25.47% and 4.44%.
We can observe that removing any method in the learning rate
decreasing and the rewind will cause a significant degradation in
the performance of BALLOT. In the context of employing the rewind
method, loading the weights from the 10th epoch yields better
results compared to loading from the 5th and 15th epoch, with a
1.75% and 3.43% rise in CWV and 1.51% and 0.92% increase in MCD.
Analysis: The above results show that compared with the other
optional methods, the conflict-detection-based mask generation
and training refinement in BALLOT achieves the highest utility and
fairness, which can improve model fairness when ensuring effec-
tiveness. In addition, both mask generation and training policy
implemented in BALLOT is helpful to improve the performance of
the pruned model. It is noteworthy that BALLOT rewinding to 10th
epoch is slightly better over both 5th epoch and 15th epoch. This
observation aligns with the theory proposed in [27], suggesting
that the original network’s weights are prone to stability against
SGD noise after an initial training period. However, an extended
training duration may result in weight solidification.

4.5 ROQ4: Impacts of Configurable Parameters

Experiment Design: BALLOT leverages two hyperparameters y
and 7 in mask generation. The former is used to control the contri-
bution of fairness loss Ly and accuracy loss Lq. The latter controls
the neuron sorting ratio, which determines which neurons in each
iteration will be considered to have the highest degree of conflict
and increment the count. We conduct experiments to investigate
and understand how different values of these configurable hyperpa-
rameters affect the performance of BaLLoT in finding and claiming
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Figure 6: Effect of y and 1 on model average performance.

the winning ticket. In the experiment, we run BALLOT on the CIFAR-
100 dataset with different log y values from -1.0 to 2.0 and different
n values from 0.7 to 0.99. To evaluate the effect of different values of
configurable parameters, we record the accuracy, CWV, and MCD
of the model pruned by BarroT with different parameter settings.
Results: Figure 6 shows the comparison results of different values
of the configurable parameters y and n, where Figure 6(a) and Fig-
ure 6(c) presents how y and 7 affect the accuracy of the pruned
models in BarroT, and Figure 6(b) and Figure 6(d) show the effect
of different values of y and 7 on the fairness of the pruned model.
Impact of y: BALLOT uses the parameter y to control the impact
of the fairness loss in mask generation. A higher y leads the pruned
model to pay more attention to fairness. As shown in Figure 6(a)
and Figure 6(b), when the value of logy increases, the accuracy
of the model pruned by BArroT first increases and then decreases,
while the values of CWV and MCD generally show a downward
trend. When log y is 1.0, the accuracy of the pruned models reaches
the highest value of 64.49%. It is noteworthy that at the two points
of 0.5 and 1.0, there are abnormal increases in the values of CWV
and MCD, and then their values continue to decline as the value of
log y increases. However, the increment brought by these outliers
is relatively small, and the impact on the model fairness is not sig-
nificant. Considering the trade-off between accuracy and fairness,
BarLoT selects 1.0 as the default value of logy (i.e., y is set to 10) to
maximize the effectiveness on improve model fairness and utility.
Impact of n: n is used to determine which neurons will be re-
garded as conflicting neurons and counted. A higher 5 indicates that
in mask generation of BALLOT, the criteria for evaluating conflict-
ing neurons are more strict. The experiment results in Figure 6(c)
and Figure 6(d) show that the model performance of both utility
and fairness first increase and then decreases as 7 rises, and BALLOT
performs best when 7 is set to 0.95. Therefore, we choose 0.95 as
the default value of .
Analysis: From Figure 6, we can observe that different values of y
and 7 have a significant impact on the performance of the pruned
model. In terms of accuracy, as the values of y and 5 increase, the
model accuracy first increases and then decreases. Similarly, in
terms of fairness, the increase of 5 first improves fairness and then
worsens it. In addition, the increase of y improves the model fairness
in general. As a result, to effectively select the winning ticket and
prune a sparse model toward both accuracy and fairness, we set
the default value of y to 10, and the value of 5 to 0.95 in BALLOT.
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Summarization. We have proved the advancement of BALLOT
through the above experimental evaluations. Compared to the base-
line, BALLOT effectively balances fairness and accuracy throughout
the pruning process and efficiently identifies equitable subnetworks,
thus expediting training. BALLOT requires a more intricate pro-
cedure than conventional pruning methods, resulting in higher
training costs than direct pruning. However, this extra expense
remains relatively modest, averaging no more than a 6% increase.

5 Threat to Validity

BALLOT is evaluated on five mainstream datasets with ResNet50,
VGG16, and BERT under the sparsity of 0.05, which may be lim-
ited. Additionally, the existence of several configurable parame-
ters introduces some threats. While our experiments demonstrated
promising pruning results, the effectiveness remains uncertain and
challenging when applied to more complex and advanced models
like transformer. To address those concerns, we have taken the
step of open-sourcing the implementation of BALLOT and provid-
ing comprehensive experimental details that encompass models
before and after pruning, as well as training configurations. For
reproduction purposes, all codes and data are available at [1].

6 Related Work and Discussion

Model Compression. Model compression aims to reduce the size
and computational complexity of large neural network models.
There are various model compression methods, such as network
pruning, parameter quantization, and knowledge distillation.

Network pruning. Pruning removes redundant components with-
out greatly affecting performance. Channel-based pruning removes
entire feature maps from convolutional networks [71], while filter-
based pruning removes specific filters [41, 52]. Unimportant connec-
tions are chosen based on criteria like weight magnitude [37, 38],
gradients [64], and hessian statistics [51].

Parameter quantization. Quantization reduces network weights
and activations from high to low precision. Quantization-aware
training (QAT) simulates quantization errors during training [66].
Post-training quantization (PTQ) directly quantizes the pre-trained
model without retraining, though it might cause more accuracy
loss [44].

Knowledge distillation. Knowledge distillation uses a teacher-
student architecture where a complex teacher network provides a
simple student network with prior knowledge to match the teacher’s
performance. Various methods use different forms of prior knowl-
edge for training student networks [12, 42].

The software engineering community has exhibited significant

interest in model compression. Shi et al. compress pre-trained code
models to 3MB for easy deployment [77]. Zhu et al. explore test-
driven development for pruning using bi-objective optimization
to balance performance and safety [99]. Quality assurance for the
deployment of compression-based Al models is a subject of great
concern. Xie et al. conduct differential testing to compare the be-
haviors of models before and after compression [90]. Additionally,
Zhang et al. propose an ILP-based formal verification approach for
quantized neural networks [97].
Fairness of ML. The issue of fairness in ML is gaining increasing
prominence, in the areas of CV [83], NLP [9, 92] and especially crit-
ical automated decision-making systems like higher education [20],
employment [33, 72, 87], and re-offense judgement [17, 67].
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To address the concern above, fairness testing for ML systems
is gaining attention in the software engineering community. AE-
QUITAS proposes a directed search for individual discriminatory
instances [86]. Symbolic Generation (SG) integrates symbolic exe-
cution and local model explanation to craft individual discrimina-
tory instances [7]. ExpGA uses the genetic algorithm to generate
discriminatory instances [23]. Besides, ADF and EIDIG combine
global search and local search to systematically explore the input
space with the guidance of gradient [95, 96], and BREAM further
extends ADF to black-box scenarios by introducing shadow model
for approximate gradient guidance [45]. There are also concerns
about group fairness. THEMIS considers group fairness using causal
analysis and uses random test generation to evaluate fairness [8].
A recent framework namely FairRec is dedicated to uncovering
disadvantaged groups in recommender systems [35].

While uncovering fairness issues through testing, researchers
also work to fix them. Pre-processing methods address dataset bias
by correcting labels [47, 94], revising attributes [24, 48], generating
non-discriminatory data [73, 91], and creating fair data representa-
tions [14, 53]. In-processing and post-processing methods reduce
algorithmic bias by optimizing fairness metrics [93], using fairness-
driven generative adversarial frameworks [6, 30, 91], or changing
biased model outputs [39, 70]. In the SE community, retraining
based on discriminatory instances is common [23, 95, 96]. Addi-
tionally, Sun et al. use causal analysis to find biased neurons [79],
and Gao et al. use path analysis to select neurons for accuracy and
fairness optimization [29, 31].

Discussion. To the best of our knowledge, none of the current
repairing methods have been designed to consider addressing the
fairness issues of model compression typified by pruning. We aim
to raise awareness of fairness issues in model compression, which is
a critical step towards the development of responsible Al systems.

7 Conclusion

Inspired by ethics-aware software engineering, we propose and
develop BALLOT, an innovative fairness-aware deep neural network
pruning framework, powered by conflict-detection-based mask gen-
eration and training refinement. It identify accurate and fair tick-
ets (pruned model prototype) and refine the ticket training process
to obtain the high-performance pruned models. Our evaluation
results show that BarroT effectively mitigates pruning fairness
problems and outperforms all baselines in fairness and accuracy.

8 Data Availability

All source code and data used in our work can be found at [1].
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